Abstract: Whole-molecule descriptors are obtained computationally from molecular structures using a variety of programs. Their applications are reviewed in the areas of solubility, bioavailability, bio-and nonbio-degradability and toxicity.
I. INTRODUCTION AND SCOPE
Although there is no hard dividing line, many of the manifestations of molecular structure fall into one of two major classes: (i) the influence of a specific portion of the molecule (as occurs with pharmacophores, fatty tails, docking, and similar concepts); (ii) the influence of the whole molecule (as occurs in considerations of solubility, partition coefficients, migration, permeability, bioavailability and similar topics).
The effects of structural variation in a molecule are distinct in the two classes, and their rationalization has been approached from different standpoints. In general, most quantitative structure property relationships (QSPR) fall into class (ii) as manifestations of the whole structure. Many (but by no means all) quantitative structure activity relationships (QSAR) are strongly linked to specific regions of molecules, and thus into class (i). The present review will concentrate on broad division (ii).
II. OVERVIEW OF QSPR APPROACHES
The beginning of QSPR dates back more than a century. In 1884 Mills developed a QSPR for predicting the melting points and boiling points of homologous series [1] . Similar pioneering work followed shortly after on quantitative structure activity relationships (QSAR) in studies of relationships between the potency of local anesthetics and oil/water partition coefficient [2] , and between narcosis and chain length [3] . One subsequent attempt to link a property to critical structural features was reported in 1925 when Langmuir proposed linking intermolecular interactions in the *Address correspondence to this author at the Center for Heterocyclic Compounds, Department of Chemistry, University of Florida, Gainesville, Florida, 32611, USA; e-mail: katritzky@chem.ufl.edu liquid state to the surface energy [4] . The first theoretical whole molecule descriptors, the Wiener index [5] and Platt number [6] , were proposed in 1947 to model the boiling points of hydrocarbons. Important contributions to the area were made by Hammett [7, 8] and Taft [9] [10] [11] [12] via the development of linear free energy relationships (LFER).
QSAR got real boosts in the development by Hansch and Fujita [13] of models connecting biological activities and the hydrophobic, electronic and steric properties of compounds and from Free and Wilson's development of models of additive group contributions to biological activities [14] . From this point QSAR methodology expanded explosively in its provision of productive applications in pharmaceutical chemistry and in computer assisted drug design [15] [16] [17] [18] [19] [20] .
QSPR or quantitative structure related analysis of physicochemical properties before 1970 had major applications only in analytical chemistry. The last three decades however have seen many efforts put into the development of theoretical basis of QSPR with classical contributions from the groups of Abraham [21, 22] , Balaban [23] , Hilal [24] , Jurs [25] , Katritzky and Karelson [26] , Kier and Hall [27] , Politzer [28] , Randic [29] , Trinjastic [30] and others. The development of methodology was also supported by the simultaneous development of molecular structurebased descriptors [31, 32] that gave possibility to describe molecules more precisely.
Nowadays QSPR is well-established and correlates varied, including complex, physicochemical properties of a compound with its molecular structure, through a variety of descriptors. The basic strategy of QSPR is to find the optimum quantitative relationship, which can then be used for the prediction of the properties of molecular structures including those unmeasured or even unknown. QSPR became more attractive for chemists with development of new software tools, which allowed them to discover and to 4 the dominant intermolecular interaction is related to the molecular surface energy, derived from the molecular surface area and the charge density distribution; atomic charge scaling factors required to correct the partial charges calculated by the extended Hückel theory
Grigoras [132] furans, tetrahydrofurans the authors concluded that due to structural differences between nitrogen heterocycles and sulfur and oxygen heterocycles, various connectivity, electronic, constitutional and CPSA descriptors cannot adequately encode enough information for a combined set of heterocycles Stanton et al. [134] furans, tetrahydrofurans, thiophenes, pyrans 299 MLR, NN both methods had the same quality of prediction for the training set Egolf and Jurs [135] , Egolf et al. [136] pyridines 572 for pyridines, in the case of the cross-validation set, the NNs outperformed conventional QSPR; descriptors that reflect hydrogen bonding and dipoledipole interactions improved the predictive models for the pyridines data set diverse organic compounds 298 for this set the back-propagation NN combination resulted in 1K improvement over the MLR alkanes 150 NN 10:7:1 architecture; the performance was slightly better in comparison with the MLR methods
Cherqaoui and
Villemin [137] acyclic ethers, peroxides, acetals and their sulfur analogues 185 NN 20:5:1 architecture; back-propagation NN has lead to a better correlation in comparison with the 15-parameter equation obtained using MLR Cherqaoui et al. [138] hydrocarbons 267 MLR, 6 , NN the 6:5:1 architecture gave a s = 5.7 K value, better than the root mean square for the MLR equation
Wessel and Jurs [139] diverse organic compounds 1023 MLR, 9 the model used two topological and seven topochemical descriptors and demonstrated that the topochemical descriptors can be successfully applied to the prediction of boiling points
Basak et al. [140] understand how molecular structure influences properties, and very importantly, to predict and prepare the optimum structure. The software is now more amenable for chemical and physical interpretation. QSAR has gained more attention in medicinal chemistry in comparison with QSPR. There are still tremendous opportunities for developments in the application of purely structure-based molecular descriptors [31, 32] in QSAR models and in the application of quantitative property-activity relationships (QPAR) through the use of physicochemical properties predicted with QSPR.
The QSPR approach has been applied in many different areas, including (i) properties of single molecules (boiling point, critical temperature, vapor pressure, flash point and autoignition temperature, density, refractive index, melting point); (ii) interactions between different molecular species (octanol/water partition coefficient, aqueous solubility of liquids and solids, aqueous solubility of gases and vapors, solvent polarity scales, GC retention time and response factor); (iii) surfactant properties (critical micelle concentration, cloud point); (iv) complex properties and properties of polymers (polymer glass transition temperature, polymer refractive index, rubber vulcanization acceleration) [33] . Many of these are directly or indirectly relevant to medicinal chemistry.
In Table 1 we have summarized work in some of the major areas to which QSPR has been applied. Table 1 covers mainly the last ten years during which the development started to shift from relatively small to large (>100 compounds) data sets. Also multi-linear (MLR) methods are now accompanied by computational neural networks (NN) that have been utilized to describe non-linear relationships between structure and property. For additional information reader is directed to our other review articles in this field [26, [33] [34] [35] . 298 Katritzky et al. [189] a N = number of compounds from data set, b M = method (MLR -multiple linear regression, NN -neural network, GA -genetic algorithm) and number of descriptors involved in the model Table 2 . The extensive range of packages providing only molecular modeling is excluded.
III. AVAILABLE SOFTWARE

IV. MULTIDIMENSIONAL QSPR/QSAR
We can discuss the multidimensionality of QSPR/QSAR from various points of view. Two of them, and in our opinion the most relevant, are: (i) multidimensional QSPR/QSAR models (2D-, 3D-, and recently 4D-QSPR/QSAR), and (ii) the multivariate statistical analysis of specific variables of the different phenomenon. [197] Several types of QSAR/QSPR multidimensional models have been considered. The multidimensionality of the models is due to the 3D-geometry of the molecules that are analyzed. 2D-QSARs are developed usually from topological representation of molecules, and encode limited information on binding specificity [58] . 3D-QSAR models use the threedimensional representation of molecules and establish a quantitative relationship between a series of 3D structures of molecules and their biological activity. 3D-QSAR provides valuable insights into why changing a substituent on a molecule might change its biological activity, and plays an important role in the design of better drugs.
Comparative molecular field analysis, CoMFA, was one of the first, and is presently the most popular of the 3D-QSAR schemes. Quantitative structure-activity relationship (QSAR) models and CoMFA analyses assume that most intermolecular interactions are non-covalent and shapedependent [59] . Relatively recently a 4D-QSAR formalism has been developed to deal with the problems encountered in constructing a 3D-QSAR: (i) identification of the active conformations/molecular shapes of flexible compounds in the training set, (ii) specification of the molecular alignment (the basis for comparing molecules), and (iii) the so called interaction pharmacophore (different parts of each molecule can be expected to have different types of interactions with sites on a common receptor and/or in a common medium) [60, 61] . Hopfinger et al. [60] consider the fourth dimension of 4D-QSAR analysis as the "dimension" of ensemble sampling.
During past five years, 3D-QSPR and 4D-QSPR methodologies have also been applied to the physicochemical properties in the framework of the quantitative structure-property relationship modeling. Puri et al. [62, 63] have derived 3D-QSPRs models using CoMFA to correlate sublimation and vaporization enthalpies of a representative set of polychlorinated biphenyls (PCBs) with their CoMFA-calculated physicochemical properties.
Estrada et al. studied the complexation of alpha-and beta-cyclodextrin with mono-and 1,4-di-substituted benzenes using combinations of 2D-and 3D-connectivity with quantum chemical molecular descriptors [64] . Together with Molina, Estrada also demonstrated that topographic (3D) molecular connectivity indices have an important role in modeling partition coefficients (log P) and antibacterial activity of 2-furylethylenes [65] .
3D-QSPR formalism has been applied by Burke et al. to an analog series of pyridobenzodiazepinone inhibitors of muscarinic 2 and 3 receptors. Using a repetitive partial least squares (PLS) analysis, they obtained models that are governed by the identification of the properties of a lipophilic binding site and specific nonallowed steric receptor sites [66] .
Hopfinger et al. partitioned molecular features into four different tensors: (i) intrinsic molecular shape, (ii) molecular field, (iii) nonshape/field features, and (iv) an experimental tensor. They realized a 3D-QSPR model by constructing the optimum transformation tensor, which was identified using PLS regression [61] .
Duca et al., in a study of the calcite growth inhibitor, identified a pharmacophore consisting of six interaction sites between the inhibitors and the surface, and represented by a 4D-QSPR model. They concluded that three of the sites dominate the model: (i) a region occupied by the binding surface, (ii) a site which involve an oxygen of a PO 3 H 2 group hydrogen bonding to the surface, and (iii) a nonpolar region of space favorable to inhibition potency [67] .
Klein and Hopfinger obtained a significant model for in vivo antiarrhythmic activity using 4D-QSAR method in which log P and specific grid cell occupancy (spatial) descriptors are the main activity correlates. Considering as properties the changes in a membrane transition temperature and the ability of the analogs to displace adsorbed Ca 2+ ions from phosphatidylserine monolayers, they also developed 4D-QSPR models [68] .
The large variety of variables which are characteristic of or largely influence multiple phenomenons (e.g. the topic of solubility involves at least three very important variables, the nature of the solvent, the nature of the solute, and the temperature), also confers multidimensionality to the QSPR/QSAR studies.
The advantage of using multivariate statistical analysis (data reduction methods) to provide insight into how these variables (properties) interrelate quantitatively has been confirmed by many studies.
A common method is principal component analysis (PCA) of a matrix formed by assembling related properties for a large set of structures. PCA has been used frequently in QSAR studies, to extract uncorrelated and useful information from independent variables. The PCs (principal components) are useful: (i) as independent variables in principal component regressions, (ii) as axes to define ndimensional spaces for analogues selection, (iii) to predict properties of compounds with similar structure [69, 70] , (iv) to classify diverse sets of toxic compounds into subsets by MOA (mode of action) [70, 71] . In the case of a large homogeneous set of descriptors, PLS is able to extract significant formal correlation factors [59] .
The application of PCA for data reduction has provided insight into (a) the concept of solvent polarity scales [72, 73] , and should also provide insight to (b) the solubility of compounds in various solvents, (c) GC and LC retention times for various stationary phases, and (d) relationships between different toxic endpoints as will now be briefly discussed.
The literature contains more than a hundred quantitative solvent polarity scales, proposed on the basis of diverse properties (reaction rates, solvatochromic effects, entropies etc.). To provide a more precise definition, we formed a matrix of 40 scales x 40 solvents. QSPR were established for each of these 40 scales to fill in the gaps in the matrix [72, 73] . The principal component analysis for this matrix extracted three PCs explaining 75% of the variance. The scores and loadings obtained give considerable insight into the relationship between different manifestations of solvent polarity.
The QSPR analysis of series of solvents and solutes and the development of various approaches to obtain QSPR models for solubility is described in Section V. To understand how solubility varies with molecular structure from solvent to solvent or between different solute/solvent pairs is being approached by principal component analysis (PCA) on a solubility matrix of solute-solvent pairs. The scores of the most important principal components illuminate solubility as a function of the structure of solute. The loadings of the most important principal components similarly illuminate solubility as a function of the solvent.
To systematize gas chromatographic (GC) retention times using chemical structural information requires clarification of structural dependencies between the eluted compound and various stationary phases. Several groups have estimated retention indices using various descriptors: topological [74] [75] [76] , charged partial surface area (CPSA) [77] , and quantumchemical [78, 79] [82] , and anabolic steroids [83] . A mixed set of topological and quantum-chemical descriptors modeled 152 diverse structures [78] and 178 methyl-branched hydrocarbons [84] . The general phenomenon of gas-solid absorption could be studied by combining QSPRs and subsequent PCAs of a matrix of retention times of a diverse set of compounds using a range of solid phases in GC [85] , all measurements being made under the same experimental conditions.
A great many different measures of toxicity have been used depending on species, concentration, mode of action, and duration. The number of compounds, for which at least one measure of toxicity has been obtained, ranges up to 6 figures. A general approach to toxicity must relate the nature of toxicological indices and the structural variation over a wide range of chemical compounds. Various measures of toxicity for different endpoints can be analyzed independently in terms of simple QSAR models combined with pre-selection of descriptors. This should be followed by the data analysis of a matrix of toxicities of various endpoints with data reduction through PCA, resulting in interrelationship between various measures of toxicity and various endpoints.
In conclusion, there is an obvious interrelation between multidimensional QSPR/QSAR models and multivariate statistical analysis (PCA, PLS) of variables. The 2D-, 3D-, and 4D-QSPR/QSAR models, built by using whole molecule descriptors, can and should be used to fill data matrix that will be later analyzed using multivariate statistical methods to see how the specific variables for a characteristic phenomenon are interrelated.
V. SOLUBILITY
Knowledge on the solubilities of the organic compounds is important in several areas related to medicinal chemistry and also to the properties/activities discussed in other sections of this overview. In particular, correct estimates of solubility are required for understanding the environmental fate (toxic, carcinogenic and mutagenic) of possible pollutants and how easily compounds enter into the environment (soil/sediment adsorption coefficients or soil sorption coefficients) and thereafter into the living organisms. Solubility is also crucial in determining the bioavailability and thus the effectiveness and bio-degradation of pharmaceuticals. The suitability of gaseous anesthetics, blood substitutes, oxygen carriers, etc. is critically linked to solubility. Consequently, the correct prediction of solubility and understanding the factors determining solute-solvent interactions are vital from point of view of medicinal chemistry.
Solubility can be defined in two major ways: (i) the solubility of liquids and solids and (ii) the solubility of gases and vapors. The first of these, S, is defined as the concentration (in units of moles or weight of solute per weight or volume of solution) of solute in the solvent phase, at equilibrium with a pure solute phase. The second solubility, L , also known as the Ostwald solubility coefficient, is defined as the ratio of the concentration of a compound in a solution and in the gas phase at equilibrium. Another commonly used parameter, approximately equal to L -1 , is Henry's Law constant H, which is essentially an airsolvent partition coefficient. Aqueous solubility has been the most studied because of its practical applications (see our previous review for QSPR treatments of aqueous solubility [33] ). Most often, the solubility is studied in series where the solvent is kept constant and the solutes are varied (Table  3 .1). In several studies, the solvent is varied and the solute is kept constant within the series (Table 3. 
2).
A variety of methods has been used in the QSPR modeling of solubility, of which the multi-linear regression (MLR) approach has been the most popular. The past decade has also boosted the application of various neural network (NN) techniques. Also, various descriptor selection methods have been developed, including stepwise forward selection (SFS) procedures, genetic algorithms (GA) and simulated annealing (SA) routines in conjunction with MLR and NN. Based on the descriptors used in the models, Yalkowsky and Banerjee classified the different approaches for the prediction of (aqueous) solubility into three categories: (i) correlations with experimentally determined physicochemical quantities; (ii) correlations based on group contributions; (iii) correlations with parameters calculated solely from the molecular structure [86] .
Into the first category, one can also add correlations using descriptors based on empirical measurements. The early development of this type of empirical descriptors for the MLR analysis of solubility (solute-solvent interactions) was carried out by Katritzky et al. [87] , Koppel and Palm [88] , Kamlet and Taft [89] , Krygowsky and Fawcett [90] , Sawin et al. [91] , Mayer [92] , Dougherty [93] , etc. The biggest success story in the first category is the linear solvation energy relationships (LSER) methodology originally developed by Kamlet and Taft [94, 95] and further elaborated and applied by Abraham and coworkers [96] . The LSER MLR model includes several characteristics to describe solvent's/solute's polarizability, dipolarity, volume, hydrogen bond acidity and hydrogen bond basicity. The strength of this approach relies in combining those characteristics into one model, forming thus a solid basis to [221] discuss solute-solvent interactions and rank each of them for every solute-solvent pair. The LSER correlation equation can be interpreted term-by-term using well-established chemical principles. Unfortunately, LSER cannot be used to make a priori predictions because the descriptors have their origin in experimental measurements, making their availability difficult while working on diverse compounds within large databases. Also, the resulting correlations do not relate the property to the molecular structural information. It is thus difficult to elucidate how molecular structure affects the observed property. At the same time, the LSER models usually have excellent predictive quality. In the Table 3 .1, first sixteen rows list the data sets studied using experimental descriptors (#1-4), with most applications using LSER methodology (#5-16). For the data series of constant solute (Table 3. 2) first eight rows list the applications of the LSER method.
( a -see notes at the end of Table 3.1 In the second category, group contribution methods have also gained much attention in prediction of solubility. However, this approach gives less understanding of the physical nature of the relationship between the molecular structure and solubility process itself. Also, the application of the method to the prediction of solubilities for compounds containing structural functionality not included in the original set is not justified. Recently, group contribution methods were evaluated for their ability to predict water solubility [97] . Examples of the application of group contribution methods to the study of solubility are given in Table 3 .1, rows 17 to 26.
The third category comprises correlations with parameters calculated solely from the molecular structure: constitutional descriptors (CD), topological descriptors (TD), geometrical descriptors (GD), electrostatic (ED) or charge distribution related descriptors and quantum chemical descriptors (QD) [31] . These descriptors explicitly involve structural properties of the compounds, and more importantly, they can be calculated for any structure. In Table 3 .1, rows 27-45 and Table 3 .2 rows 9, 10 show some examples of QSPR analysis of solubility with structure-based descriptors. Topological descriptors are the most used, followed by electrostatic (involving charge distribution) descriptors. Recent rapid enhancements in computers and semi-empirical quantum chemical programs have encouraged the application of various quantum chemical descriptors in QSPR analysis [34] . Along with conventional MLR, NN have been also applied in the analysis of solubility (Table 3 .1: #34, #39, and #40). A rapidly growing number and variety of descriptors (usually several hundreds) makes crucial the selection of the descriptors for the final solubility's models. This has lead to the application of techniques for efficient descriptor selection, with examples given with #35-39, 44, and 45 in Table 3 .1.
Our own work in the application of structure-based whole molecule descriptors in the prediction of the solubilities of gases and vapors on a data set of 95 alkanes, cycloalkanes, alkylarenes, and alkynes, has resulted in an excellent predictive equation with two parameters (Table 3 .1: #36) [98] . Based on this model, we concluded that the solubility of gases and vapors depends on effective mass distribution and on the degree of branching of the hydrocarbon molecule. Those characteristics reflect the effective dispersion and cavity formation effects for the solvation of non-polar solutes in water. For a second set of 405 diverse organic compounds, a successful five-parameter correlation equation was obtained (Table 3 .1: #37) [98] . The descriptors from the equation #37 account for the dispersion energy of polar solutes in solution, the electrostatic part of the solutesolvent interaction and hydrogen-bonding interactions in liquids. In subsequent studies, the solubility of liquids and soils was described by a three-parameter equation developed from a set of 96 hydrocarbons and 126 halogenated hydrocarbons (excluding compounds capable of forming hydrogen bonds) ( Table 3 .1: #38) [99] . The key descriptor in equation #38 was the molecular volume, employed together with additional topological and constitutional descriptors. The resulting QSPR equation has good prediction as compared with the estimated average experimental error. We also correlated the aqueous solubilities of 411 diverse organic compounds [100] using a six-parameter equation (Table 3 .1: #39). The above described approach has thus showed a significant advantage of structural whole molecule descriptors in describing the electrostatic interactions, the cavity-size effects (dispersion and cavity formation), shape of the molecule and specific solute-solvent interactions. These are the major determining factors for the solute-solvent interactions and, hence, aqueous solubility of compounds.
The data in Table 3 .1 demonstrate that the LSER method has been extensively applied to study of solubilities in other solvents and those studies of series with constant solute have utilized almost exclusively LSER methods (Table 3. 2). The structure-based whole molecule descriptors have received little attention in the analysis of solubility in solvents other than water and in data series with constant solute. Recently, we started to fill this gap and analyzed solubilities in methanol and in ethanol (Table 3 .1: #44, #45) [101] . The structure-based whole molecule descriptors in QSPR models for both solvents led to the conclusion that descriptors cover solute-solvent interactions like polarizability, dipole-dipole interactions, hydrogen bonding, and lipophilicity. Here the structure-based whole molecule descriptors showed great utility, and are now being applied to other series of solvents. The same also applies to single solute data series as indicated in Table 3 .2.
The LSER methodology has been combined with quantum chemical calculations and found new power in theoretical linear solvation energy relationship (TLSER) by Famini et al. [102] . In TLSER, the experimentally derived solvatochromic parameters were substituted by semiempirical electronic indices such as partial charges on certain atoms, HOMO and LUMO energies, etc. This methodology was also applied to the analysis of solubilities in water (Table 3 .1: #43).
VI. BIOAVAILABILITY
The definition of bioavailability depends on the field of study. These differences in definition reflect the importance of chemical and biological processes in the particular field of study, as well as the endpoints commonly used therein. The pharmacological bioavailability is the most intensively studied in the QSAR/QSPR literature. It estimates the relative fraction of the orally administered dose that is absorbed into the systemic circulation when compared to the data measured for a solution, suspension, or intravenous dosage form [103] . This definition focuses on the processes by which the active ingredients or moieties are released from an oral dosage form and move to the site of action.
The pharmacological bioavailability reflects not only the characteristics of a chemical and its environmental specification, but also the behavior and physiology of the organism. In addition, bioavailability studies also provide useful pharmacokinetic information related to the distribution, elimination, the effects of nutrients on the absorption of the drug, and dose proportionality. The bioavailability data may also provide indirect information about the properties of a drug prior to entry into the systemic circulation, such as its permeability and the influence of enzymes and/or transporters.
Absorption has become a significant problem since the advent of high throughput screening, which has made it technically feasible to screen hundreds of thousands of compounds across many in vitro assays. Numerous compounds, which have now become available for physicalchemical screening, exist only in very small quantities and/or non-traditional forms. As a result, these compounds are no longer solubilized in aqueous media under thermodynamic equilibrium conditions. Promising new drug candidates often fail because of inadequate bioavailability. Oral bioavailability, the most important type of bioavailability for the contemporary biochemical industry, involves several factors such as solubility, gastrointestinal absorption, chemical stability in the gastrointestinal tract and metabolism.
The discovery process based on high throughput screening is highly logical. However, the in vitro nature of the screening techniques provides no bias towards properties with favorable oral activity. Obtaining oral activity is usually more time-consuming than optimizing the in vitro activity. Therefore, methods for deducing bioavailability from molecular structure are highly valuable for both high throughput screening and for rational drug design. Another reason for developing the computational prediction of bioavailability is the lack of reliable experimental approaches to permeation measurements.
A recent review by Lipinski et al. [104] discusses poor solubility and permeability as causes of low bioavailability. Other factors such as intestinal wall active transporters and intestinal wall metabolic events have often been ignored, though they are known to be important in the case of peptidic-like compounds. A set of easily calculable parameters, probably related to absorption and permeability, needs to be identified to set up an absorption-permeability alert procedure as a guide for medicinal chemists.
The first obvious choice of such properties is molecular weight (formula weight in the case of a salt) since poor intestinal and blood brain barrier permeability, as well as permeation time in lipid bi-layers, is related to increasing molecular weight. Another important physicochemical property related to absorption is lipophilicity, which is usually expressed as a ratio of octanol solubility to aqueous solubility (log P). Different algorithms based on fragmental contributions can be used to calculate log P. Here a suitable tradeoff must be chosen between the use of large fragments that increase the accuracy of prediction but also increase the possibility of missing fragments and the use of smaller more common fragments that result on lower prediction accuracy.
Permeability across a membrane bilayer is reduced by an excessive number of hydrogen bond donor groups. Hydrogen donor ability can be expressed in terms of the solvatochromic parameter α of a donor group. Various researchers have compiled experimental values of the α parameter. However, it has been found that a simple sum of the number of NH and OH bonds can also perform well. Permeability across a membrane bi-layer also decreases with a large number of hydrogen bond acceptors, which can be measured as the count of N and O atoms, though this gives only a rough estimation of hydrogen acceptor ability.
The above considerations, together with the analysis of a compound library with favorable physicochemical properties, led to the formulation of the "rule of 5", so called because the cutoff values for the respective parameters were close to 5 or a multiple of 5. The "rule of 5" provides a simple scheme for the prediction of poor absorption or permeation based on the following criteria: (i) More than 5 H-bond donors (expressed as the sum of OHs and NHs); (ii) Molecular weight is over 500; (iii) log P is over 5; (iv) More than 10 H-bond acceptors (expressed as the sum of Ns and Os).
The rule does not apply to compounds that are substrates for biological transporters. It was found that certain therapeutic classes lie outside the parameter cutoffs in the rule. These classes include antibiotics and vitamins for example, which suggests that they contain structural features that allow them to act as substrates for naturally occurring transporters. The "rule of 5" has proved very popular as a rapid screen for compounds that are likely to be poorly absorbed.
Currently, two major approaches are used for generating leads in the pharmacological industry. The high throughput screening approach is based on empirical screening for in vitro activity. Alternatively, the rational drug design process includes various techniques ranging from modification of a known compound to the modeling of target binding process. To analyze the relative importance of poor solubility or poor permeability in the problem of poor oral absorption, the trends in physicochemical properties of chemistry drug spaces over time have been compared for two pharmacological companies Merck (rational drug design) and Pfizer (high throughput screening) [105] .
Both approaches have led to increased molecular weight for clinical candidates. However, while the lipophilicity is unchanged in Merck drug candidates, it is increased in Pfizer candidates, because the most reliable method to increase in vitro potency is with an appropriately positioned lipophilic functionality. By contrast, the H-bond acceptor trend, unchanged in Pfizer candidates, is increased in Merck probably because of the strong focus on peptido-mimetic like structures in rational drug design that typically interact through hydrogen bonding. The overall result is that as target complexity increases, Merck-like rational drug design leads to poorer permeability while Pfizer-like high throughput screening leads to poorer solubility.
Various QSAR studies have been conducted to predict various processes affecting oral bioavailability of structurally diverse compounds. Thus, extensive work has been carried out for the QSPR prediction of aqueous solubility (cf. Section V). Several QSPR models estimate membrane permeability, as an example, corneal permeability data have been analyzed for quantitative relationships with physicochemical properties [106] . Good parabolic correlations were established between lipophilicity, as expressed by the octanol-water partition coefficient, log P (or the distribution coefficients, log D for ionizable compounds), and the permeability in individual analyses of compound classes such as adrenoceptor blockers and steroids. However, the correlation was less when different classes of compounds were analyzed together. Multiple three-dimensional quantitative structure-activity relationship (3D-QSAR) approaches were applied successfully to predicting passive CACO-2 permeability for a series of 28 inhibitors of rhinovirus replication [107] .
A quantitative structure-permeability relationship was developed using Artificial Neural Network (ANN) modeling to study penetration across a polydimethylsiloxane membrane for a set of 254 compounds. The model developed indicates that molecular shape and size, intermolecular interactions, hydrogen-bonding capacity, and conformational stability of molecules can determine permeability [108] .
The prediction of overall oral bioavailability is a much more difficult task due to the complexity of the many different factors involved. The first attempt to provide a single equation for the approximate prediction of human oral bioavailability was made by Yoshida et al. [109] . This expressed bioavailability data as the percentage of an administered dose of a parent compound reaching the systemic circulation after oral administration. Compounds in the training set were classified into four different classes according to preset ranges representing degrees of useful bioavailability. The modeling was performed using the ORMUCS (ordered multicategorical classification method using the simplex technique) method, especially designed for use in QSAR work involving noncontinuous activity data.
Physicochemical descriptors utilized in the model include the values of log D (log distribution coefficient) at the pH of the small intestine, which were calculated from log P (n-octanol/water) and pK a values. Several QSAR studies have reported this to be the most relevant measure of lipophilicity with regard to oral absorption by passive diffusion [109, 110, 111] . In addition, various structural descriptors relating to readily hydrolyzable entities were employed in order to describe the effects of metabolism. The QSAR model developed using a training set of 232 compounds includes 3 lipophilicity descriptors and 15 structural descriptors. The bioavailabilities of 71 % of the compounds were correctly classified and 97 % were correct to within one class. The developed model, however, has the following limitations. The model can fail for high molecular weight compounds (>500) and those with strong hydrogen bonding capacity, such as peptides and peptide-like compounds, since these types of compounds were not sufficiently represented in the training set. Also, the model assumes only passive diffusion and neglects absorbtion through other mechanisms.
The largest available human intestinal absorption data set, consisting of data for 241 drugs, was collected by Zhao et al. [110] who developed a QSAR model based on the Abraham general solvation equation. Four out of the five Abraham descriptors involved in the model were calculated using a fragment based contribution scheme. These descriptors include excess molar refraction, dipolarity/polarizability, hydrogen bond acidity and basicity and McGowan characteristic volume. Since the absorption data originated from a variety of methods, it was necessary to classify the data carefully and evaluate their quality before starting the modeling. Data for dose-limited drugs, drugs with dose-dependent absorption, and those metabolized in the intestine before passing through the membrane were not included in the modeling. An analysis of the remaining 169 drugs resulted in an equation having R 2 = 0.74, s = 14 % and F = 78. The two dominant descriptors were the hydrogen bond acidity and basicity. Molecular size and hydrophobicity, which affect intestinal absorption, have also been shown to be important in transdermal penetration. QSPR relationships for the prediction of percutaneous absorption, which may be important in determining the bioavailability of a range of topically applied exogeneous chemicals, have been reviewed by Moss et al. [112] . Here the major problem appears to be the lack of standardized methodology for the measurement of percutaneous penetration. Compilation of data from different measurement methodologies and experimental protocols has caused inconsistencies in the data sets that were used for the development of the QSPR/QSAR models. Therefore many of the QSARs developed so far are inherently subject to substantial systematic experimental error.
Early (pre-1990) attempts to develop QSPR models for skin permeability are restricted to analysis of homologous or closely related classes. A series of more general QSAR studies, on both drug and non-drug compounds have been performed after the publication of a large heterogeneous database by Flynn [113] . However, the QSPR/QSAR models for the prediction of percutaneous penetration need improvement in at least two areas. First, the effect resulting from the manner in which the formulation is applied to the skin should be taken into account. Secondly, an extension of QSPR/QSAR models to assess several distinct endpoints (surface deposition, superficial skin penetration etc.) must be considered. A further need is to standardize the experimental protocol used to generate skin permeability data.
In conclusion, bioavailability and the factors affecting it have mainly been modeled using experimentally measured or calculated physicochemical properties and simple counts of structural features. The QSPR/QSAR modeling of bioavailability using large descriptor spaces involving constitutional, topological, geometrical, electrostatic, and quantum chemical descriptors is still a relatively unexplored area.
VII. BIO AND NON-BIO DEGRADATION
The two most important forms of degradation that determine the environmental fate of organic chemicals are tropospheric degradation in air and biodegradation occurring primarily in water and soil compartments. The tropospheric degradation process is mainly the reaction of an organic chemical with the hydroxyl radical whereas mixed populations of environmental microorganisms carry out biodegradation. Models for reliable estimation of lifetime and degradability of organic chemicals are of critical importance to their environmental risk assessment. In the past, a large number of models have been published for various degradation processes. They were usually developed for small sets of chemicals and their predictive power was low (below 70%). The development of new and better qualitative and quantitative biodegradability models became possible with the release of standardized and uniform biodegradation databases such as BIODEG [114] , UM-BBD [115] and MITI [116] .
First, we consider the tropospheric degradation. The rate constants prediction of OH radical reaction is essential for the assessment of the effects of anthropogenic halocarbons on ozone formation, stratospheric ozone depletion, longrange transport of chemicals, and global climate change. The most widespread method for the calculation of OH radical reaction rate constants is Atkinson's group contribution method [117] . It is based on a limited number of different reaction pathways and an additive fragment contribution scheme that assumes additivity for the overall reaction rate constant. The validation of Atkinson's group contribution method has shown that for about 90% of organic compounds the calculated reaction rate constant is within a factor 2 of the experimental reaction rate constants. However, it fails for certain classes of compounds such as haloalkanes and haloalkenes. The more advanced MOOH method is based on nonlinear QSAR models where all descriptors are derived from the calculated MO energies as well as the atomic and MO coefficients [117] . An evaluation of MOOH has shown that it generally has lower predictive accuracy than Atkinson's method, but it can be useful for chemical classes not included in the development of Atkinson's method and for chemical classes for which Atkinson's method gives unreliable estimates. QSPR/QSAR models utilizing different kinds of molecular descriptors (structural, topological, empirical and WHIM descriptors) have been developed for reaction rate constants with OH and also with NO 3 radicals, which are the most important reactive species in the troposphere at night [118] . The application of the Genetic Algorithm Variable Subset Selection (GA-VSS) strategy for the selection of the best subset of descriptors out of 175 and a training set with size 201, led to a 7-parameter model with R 2 = 0.73 for the reaction rate constant with OH radicals. Because of difficulties in obtaining a satisfactory general model for the reaction rate constant with NO 3 radicals, models were obtained separately for 58 aliphatic compounds (R 2 = 0.84, 5 descriptors) and 16 aromatic compounds (R 2 = 0.98, 3 descriptors). These results show that tropospheric degradation rates can successfully be predicted by low dimensional models based on whole molecule descriptors and that the performance of such models is comparable with the higher dimensional (~100) parameter Atkinson's model. Another study, based on different molecular structure descriptors, has been performed to model the atmospheric persistence of POPs (persistent organic pollutants), toxic compounds, which are considered an environmental risk to humans and ecosystems [119] . Models were calculated for the mean and maximum half-life estimates for 59 compounds. Atmospheric half-life is a common criterion used to study persistence in the environment and tendency to undergo long-range transport. Multiple linear regression analysis with variable selection based on genetic algorithms was applied with a set of about 170 molecular descriptors. The best model for the logarithm of average half-life had 4 descriptors and R 2 = 0.84. The most relevant descriptors were 3D-WHIMs related to three-dimensional size and shape. An analogous result with a similar predictive power (R 2 = 0.83) was obtained for maximum half-life values.
Another large area of environmental degradation of chemical compounds is based on biodegradation. Various structure-based biodegradation estimation methods have been compared in a recent review of Raymond et al. [120] . Biodegradation of organic chemicals in natural systems can be classified as primary (structural transformation that alters the molecular integrity), ultimate (conversion to inorganic compounds or normal metabolic products) or acceptable (degradation to the extent that undesirable characteristics are ameliorated). QSAR/QSPR studies presented in the literature are focused mainly on primary and ultimate biodegradation. The biodegradability can be expressed in various terms: half-lives, diverse biodegradation rates and rate constants, theoretical and biological oxygen demand etc. The most commonly correlated property found in the literature is the primary or ultimate aerobic degradation. Models exist for the prediction of the propensity of a chemical to biodegrade (readily biodegrades or persists) or some quantitative measure of biodegradability such as rate constants.
Most of the published quantitative structurebiodegradability relationships (QSBRs) were developed for a limited set of homologous chemicals. Heterologous models able to predict biodegradability for a diverse set of chemical structures are scarce. Modeling biodegradation is complicated by a multitude of factors including temperature, population of microorganisms, acessibility of metabolic cofactors (O 2 , nutrients), cellular transport properties etc. Various group contribution methods have proved to be the most reliable. The group contribution methods of Boethling et al. [121] were developed using a training set of 295 compounds and a list of 36 substructures. The models are used to predict the probability of biodegradation ranging from 0(none) to 1(certain) and achieved an accuracy of 89.5 % for the linear and 93.2 % for the nonlinear regression.
It has been shown that molecular connectivity indices describing the electronic and steric features of organic molecules complement the group descriptors and provide an effective way to minimize the number of variables. In particular, a general QSBR with n = 124 and R 2 = 0.73 was developed for the prediction of biodegradation rate by acclimated activated sludge and involved 12 variables: 3 molecular connectivity indices, 2 "dummy" variables indicating the presence or absence of certain structural features and just 7 group variables [122] .
From the above discussion, it is possible to conclude that: (1) tropospheric degradation rate can be predicted by group contribution method as well as by models involving only whole molecule descriptors; (2) to model the rate of biodegradation, various group contribution approaches seem to be the most advantageous. However, inclusion of the whole molecule descriptors can be useful and significantly reduce the number of fragment descriptors in the model.
VIII. QSAR ON TOXICITY
The rapid development of QSAR analysis for the prediction of toxicity was initiated by Hansch and Fujita [13] , who demonstrated that relationships exist between biological activities and the hydrophobic, electronic and steric properties of compounds. The classical Hansch type QSAR models have been particularly successful for data series with toxic nonspecific interaction (for instance nonpolar and polar narcosis). However, when dealing with toxic specific interactions (reactive chemicals), Hansch type QSAR models often gave moderate prediction of the toxicity of compounds. This is particularly the case for the carcinogenicity and mutagenicity. Therefore the maximum information available on structure of the compound is needed and the purely structure-based whole molecule descriptors can be a source for this kind of information.
The real challenge in the prediction of toxicity is the development of QSAR for big, diverse and complicated data sets. Inability to obtain such models has lead to various classification techniques to reduce the data sets via grouping them according to some rules. The most common classification is based on our experimental knowledge into the modes of action (MOA). The classification based on MOA was introduced with the concept of "baseline toxicity" by Könemann and coworkers [123] while studying relationship between toxicity and the octanol-water partition coefficient for inert narcotic pollutants. According to this concept, the activity of chemicals with baseline toxicities depends solely on the hydrophobicity of the compounds and they are counted as non-polar narcosis actors. Other compounds show higher toxic effects and consequently must have different MOA-s, including (i) polar narcosis, (ii) unselective reactivity (nucleophilic, electrophilic) or, (iii) selective reactivity (with particular receptor molecules). Recently, Hermens derived a rule-based system to address the classification of toxic compounds [124] . Hermens' rules rely on the presence or absence of certain structural or substructural features in order to assign the compounds to one of the four classes: (i) inert chemicals or non-polar narcosis; (ii) less inert chemicals or polar narcosis; (iii) reactive chemicals; (iv) specifically acting compounds, such as pesticides. The range of the possible effect concentrations for compounds from these classes could be calculated using the octanol-water partition coefficient of the compound. Unfortunately, there are always compounds that do not fit the rules and consequently cannot be classified, even if their structural features would indicate a toxic property [125] .
The hydrophobic interaction generally expressed by the octanol-water partition coefficient (log P) has been a major determinant of the toxic behavior of compounds [20, [126] [127] [128] . However, with the development of structure-based descriptors, various other descriptors have been applied along with log P and independently to describe toxicity (see survey of publications in reference [129] ). Recently, we used only structure-based whole molecule descriptors to correlate the acute toxicity of 293 compounds toward Poecilia reticulate [129] . In this study, non-polar and polar narcotics were described mainly with log P; however other structurebased whole molecule descriptors gave additional improvement to the correlation equation showing their direct utility and the importance of hydrogen bonding and polar interaction in the case of narcosis. An even greater advantage of whole molecule descriptors was apparent for the unselectively (reactivity site is not known) and selectively (reactivity site is known) reacting toxic compounds. For those sets, step forward selection of descriptors resulted in QSAR models with only structure-based whole molecule descriptors that described reactive properties of the compounds. Importantly, replacements were found for commonly used log P for those subclasses. In comparison with subsets, the statistical characteristics for the full set were lower, but the descriptor content of the QSAR model showed clearly the advantage of whole molecule descriptors over the conventional ones.
In an earlier study of genotoxicity, we explored the applicability of structure-based whole molecule descriptors and the method for step forward selection of descriptors for the description of mutagenicity in heteroaromatic amines. The MLR study resulted in QSAR model that consists of six descriptors, mainly of quantum-chemical origin, which indicate the importance of hydrogen bonding, of effects induced by the solvent, and of the size of compound [130] . The majority of QSAR models on genotoxicity involve log P as determining descriptor of the equation. However, we were able to show that other simpler structure-based descriptors can be an efficient replacement for logP. A combination of step forward selection of descriptors and back-propagation NN improved the quality of the model with slightly different descriptor content of the model, indicating the possible non-linear relationship between structural determinants and genotoxicity of the compounds [131] .
IX. GENERAL CONCLUSIONS
There is no doubt that QSAR/QSPR approaches will gain significantly in popularity in the next years. The increasing cost and regulatory ballast attached to experimentation, especially when involving living systems, together with the increasing power of modern computers and their programs works together in this direction. Especially the ability of modern programs to proceed, from purely empirical selection procedures from among great numbers of offered descriptors, to rationalizations of structural effects in physically meaningful ways, will be much exploited. The present review is intended as a signpost to some of the possible directions.
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